In this study, gene expression programming (GEP) 
Introduction
Because the lattice energy (U) of ionic minerals has important role in diverse thermodynamic analysis of the existence and stability of ionic crystals, it is widely used in inorganic chemistry, geochemistry (mineralogy, crystallography) and chemical technology [1] [2] [3] . And it is one of the most important quantities in elucidating the structure, character, and behavior (reactivity) of solids. Although lattice energy can be determined experimentally by the Born-Haber thermochemical cycle, the direct experimental measurement is generally not possible. Therefore, building a quantitative structureproperty relationship (QSPR) model to compute or estimate the mineral crystal lattice energy is of considerable interest in modern materials science. The machine learning method plays a key role in constructing QSPR model, which includes linear methods or nonlinear methods. In order to get a better QSPR model, gene expression programming (GEP) method is proposed. And GEP is a novel genetic algorithm developed from the machine learning community at present. Due to its remarkable generalization performance, GEP has been successfully used to predict time series, cement strength, the IC 50 values of 1,4-DHP and symbolic regression problems [4] [5] [6] [7] . The aim of the paper is to establish a new and accurate QSPR model to predict lattice energy by some simple descriptors based on GEP. The prediction results are satisfactory in regression analyses and has proved that GEP is a useful and powerful tool in predicting mineral crystal lattice energy.
Materials and Method

Data set
The lattice energy of 86 mineral crystals for the study is taken from the literature [8] and is listed in Table 1 . For the purpose of comparing with the literature, the training set and test set are the same as those of the literature. The training set is used to establish the model, and the test set is used to evaluate prediction ability of the model.
Descriptors
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In this paper, eight descriptors, which could be got from handbook [9] -/electron units are the integer charges on cations and anions respectively; and n is the principal quantum number of the cation.
Method
Gene expression programming (GEP), a genotype/phenotype genetic algorithm (linear and ramified), was proposed by Ferreira in Complex System [10] . GEP combines the characteristics of genetic algorithms (GA) and genetic programming (GP), and overcomes some drawbacks of them. In GEP, individuals are encoded as symbolic strings of fixed length (genotype), and then expressed as expression trees (ETs) with different sizes and shapes (phenotype). In this way, the symbolic strings could solve complex problems.
2.3.1. The GEP chromosomes, K-expressions, and expression trees (ETs) [10] There are several important concepts in GEP: chromosome, expression trees and K-expression. Usually, individuals are composed of only one chromosome, which, in return, can have one or more genes, containing function and terminal symbols. GEP genes are composed of a head and a tail. The head contains both function and terminals symbols. The tail contains only terminal symbols. The size of the head (denoted h) is defined by the user, but the size of the tail (denoted t) is obtained as a function of h and a parameter n. The parameter is number of arguments of the function set with more arguments used in the run. The following equation relates the tail size with the other parameters:
GEP genes could be linked by a linking function in order to obtain a fully functional multigenic chromosome. Just like the coding and non-coding sequences of biological genes, GEP genes also have coding and non-coding regions. The coding region of a gene is named K-expression. It is the effective part of the gene. The non-coding regions provide some space for the genetic operation to ensure the validity of GEP. Expression trees (ETs) are the expression of a given chromosome, which constitutes the phenotypic representation of the problem. In the case of multigenic chromosomes, all ETs are connected together by their root node using a linking function. In contrast to GA and GP, GEP makes revolution in structure and method. It uses a very smart method to decode chromosome to a formula. Firstly, GEP scans the gene string of the chromosome from left to right to obtain its K-expression. After parsing the character of K-expression, GEP generates an expression node to denote it, and appends it to an ET from top to bottom, from left to right. The conversion of an ET into a K-expression is also very straightforward and can be accomplished by recording the nodes from left to right in each layer of the ET in a top-down fashion to form the string. Fig. 1 shows how a chromosome with two genes is encoded as linear string and how it is expressed as an ET and then translated to a formula.
Genetic Operators
In GEP, there are seven genetic operators: mutation, three kinds of transposition (insertion sequence, root insertion sequence and gene transposition), and three kinds of recombination (one-point, two-point and gene recombination). Replication is an operation that aims to preserve some good individuals of the current generation for the next one. The mutation operator is the most important and powerful operator, and aims to introduce random modification into a given chromosome. The onepoint recombination and two-point recombination of GEP are similar to one-point and two-point crossover of GA. Gene recombination, IS (insertion sequence) transposition, RIS (root insertion sequence) transposition and gene transposition are the particular characteristic of GEP. A detailed description of these operators can be found in the literature [10] .
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Fitness Function
The main goal of the QSPR model is to gain a result that is more accordant with the experimental value. In statistics, correlation coefficient is used to estimate the coincident degree of two group data. Therefore, we have used R-square (the square of correlation coefficient) as the fitness function, where 
Algorithm Parameters
Numeric constants operation is an important problem in GEP. In this paper, a new approach called Meta-Constants Method which has been proved to be an efficient method [4] is used to create numeric constants. Parameters of the algorithm are set as in Table 2 .
GEP
The fundamental steps of GEP are as follows: Input: X, the variables; Y, log (U); T, the maximal generation; the parameters of GEP (table 2) . Output: The best model.
Step 1 Normalize X, Y;
Step 2 Initialize the population P randomly;
Step 3 Evaluate: for each individual p, compute its fitness value f(p,0) and record the individual with the maximal f(p, 0) as the memory cell;
Step 4 for i=1 to T Generate the new population:
Step (1) Selection: select new individuals with higher fitness value based on tournament selection method and replace the old population;
Step (2) Reproduction: generate new individuals by mutation, transposition and recombination with its rate respectively;
Step (3) Evaluate: for each new individual p, compute its fitness value;
Step (4) 
Step 5 Return the model expressed by individual with the highest fitness value.
Experimental Results
The data of the mineral crystal lattice energy have larger difference. In order to weaken the influence that is caused by the difference of the lattice energy data, log (U) is used as the target of the lattice energy QSPR model which is associated with the descriptors. The QSPR model could be given by GEP. , e -, and n descriptors respectively. The fitting results of training set and the prediction results of test set are also in Table 3 . The experimental values are plotted versus the predicted values using GEP for the training set and test set in Fig. 2 and Fig. 3 , respectively. From Ref. [8] , the R 2 and S of the training set and test set for the GAO-based model could be calculated. The comparative results of the GEP model and the GAO-based model are shown in Table 3 . As can be seen from Table 3 , the value of R 2 of the GEP model is approximatively equal to that of GAO-based model, but the predicted result of the GEP model is better than that of the GAObased model. The results indicate the GEP model has better predictive capability than the GAO-based has. In consideration of this, GEP program is a useful method for predicting the lattice energy (U) of ionic minerals.
Conclusions
In this paper, a new method named GEP has been applied to predict the lattice energy of ionic minerals. The predicted results for test set with R 2 pred =0.9912, indicate that GEP is a very useful tool to build a QSPR model of mineral crystal lattice energy. 
